Risk is an inherent feature of agricultural production and marketing and accurate measurement of it helps inform more efficient use of resources. This paper examines three tail quantile-based risk measures applied to the estimation of extreme agricultural financial risk for corn and soybean production in the US: Value at Risk (VaR), Expected Shortfall (ES) and Spectral Risk Measures (SRMs). We use Extreme Value Theory (EVT) to model the tail returns and present results for these three different risk measures using agricultural futures market data. We compare the estimated risk measures in terms of their size and precision, and find that they are all considerably higher than normal estimates; they are also quite uncertain, and become more uncertain as the risks involved become more extreme.
INTRODUCTION
The inherent variability in agricultural production (weather, pests, animal illness and so forth) alongside demand variations (food scares, fads, etc.) make for a marketing environment for farmers that is characterised by significant levels of risk (Moschini and Hennessy, 2001, Chern and Ricketsen (2003) and Carter and Smith (2007)) . A natural question then arises -how do you measure the magnitude of risk being faced by agents? -and the last decade and a half have witnessed an explosion of research on different measures of financial risk, and especially on one particular measure, the Value-at-Risk (VaR). This 'VaR revolution' began when JP Morgan published its famous RiskMetrics model on the web in October 1994. VaR models were first used by financial institutions for their own risk management purposes, but have since been adopted by many non-financial corporates as well. Amongst their many uses, VaR models can be used to determine capital and reserving requirements, establish position limits and assess hedging strategies. They can also be used to manage cashflow, liquidity and credit risks as well as the market risks for which they were first developed. Estimation methods have improved considerably over the years, and the properties -and especially the limitations -of the VaR itself have become better understood. Various new measures of financial risk have also been proposed and these include, most notably, the coherent risk measures proposed by Artzner et alia (1999) . These risk measures have the highly desirable property of sub-additivity, which the VaR lacks.
1 Thus, not only have VaR estimation methods improved over time, but there have also been improvements in the financial risk measures themselves, of which the VaR is but one.
1 Suppose we let X and Y represent any two portfolios and let (.) ρ be a measure of risk over a given forecast horizon. The risk measure (.) ρ is subadditive if it always satisfies the condition
. Subadditivity reflects the idea that risks should not increase, and should typically decrease, when we put them together, i.e., it reflects the notion that risks should diversify. The coherent risk measures are always sub-additive by construction, because sub-additivity is one of the axioms of coherence, but the VaR is not coherent and the failure of VaR to be sub-additive leads to the VaR having some strange and undesirable properties as a risk measure. See Artzner et al. (1999 , p. 217, Dowd (2005 The relevance of these developments to agricultural financial risks is selfevident. Yet, ironically, to date they have had only a limited impact on the agricultural economics and finance literature. Some indication of the current state of the art in agricultural financial risk measurement can be obtained from Table 1 . This lists the main points of 8 different studies on this subject. Most of these studies use multivariate parametric approaches to estimate VaR, and these are typically based on the assumption that underlying risks factors are multivariate normally distributed.
Some studies also use historical simulation methods to estimate the VaR. One study (Zhang et al. (2007) ) uses Monte Carlo methods, and two (Siaplay et al. (2005) and Odening and Hinrichs (2005) ) include results based on Extreme-Value Theory (EVT). It is also noteworthy that all but one of these studies focuses exclusively on the VaR risk measure.
2 To our knowledge, there are no studies so far of coherent risk measures applied to agricultural risk problems.
Insert Table 1 VaR. This, and the related fact that it is subadditive, makes the ES a superior risk measure to the VaR on a priori grounds. However, both the VaR and ES measures depend on the choice of a confidence level that delineates the cutoff to the tail region, and there is seldom an 'obvious' choice of what the confidence level should be.
Moreover, the ES has the undesirable property of implying that the user is risk-2 The one exception (Zhang et al., 2007) looks at lower partial moment measures based on the downside risk literature (e.g., Fishburn, 1977) rather than the coherent risk measures that have been much discussed in the mainstream financial risk literature. The VaR and the ES can be regarded as special cases of the lower partial moment measures if the lower partial moment parameter takes the values 0 or 1 respectively (see Dowd, 2005, p. 26) .
neutral, and this sits uncomfortably with the use of such measures by risk-averse agents in the first place.
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The other coherent risk measure is a Spectral Risk Measure (SRM) proposed by Acerbi (2002 Acerbi ( , 2004 . The distinctive feature of an SRM is that it specifically incorporates a user's degree of risk aversion. Since SRMs are a subset of the family of coherent risk measures, they have the attractions of coherent risk measures as well.
A tractable type of SRM is that based on an exponential risk aversion function, and a nice feature of exponential risk aversion function is that the extent of risk aversion depends on a single parameter, the coefficient of absolute risk aversion R . Once a user chooses the value of R that reflects its attitude to risk, it can then obtain an 'optimal' risk measure that directly reflects its degree of risk aversion. So, whereas the VaR or ES are contingent on the choice of an arbitrary parameter, the confidence level, whose 'best' value cannot easily be determined, a spectral-coherent risk measure is contingent on a parameter whose 'best' value can be selected by the agent that uses it.
Our measurement of the three risk measures is for corn and soybean spot and futures contracts as these goods represent an important element of US agricultural production: corn due to its role in feed grain production and soybeans for vegetable oil production. We analyse the contracts for both long and short positions whose risk would be of interest to different possible users such as farmer producers and processors.
The focus of this study is extreme financial risk -the risk associated with the prospect of low probability, high impact losses. There has been considerable interest in extreme risks over the last decade. The literature on extremes tells us that extremes should be modelled separately from the rest of the distribution using the distributions implied by Extreme Value (EV) theory, 4 and should not be modelled by fitting full distributions to the data in an ad hoc way (e.g., such as assuming Gaussianity). In 3 For its part, the VaR is even worse, as it implies that a user who chooses to use the VaR as a risk measure must be highly risk-loving (see Cotter and Dowd, 2007, p. 3472) . 4 For more on EVT, see, e.g., Embrechts et al.,1997 , or Beirlant et al., 2004 . Note that tail risk measures are underestimated using Gaussianity and this estimation bias deteriorates as one moves further out into the tail (Cotter, 2007) .
essence, it suggests that we can either model the extremes themselves using one of the Generalised EV distributions implied by the Extreme Value Theorem or we can model the exceedances over a high threshold using a Generalised Pareto Distribution (GPD; see, e.g., Embrechts et alia (1997) ). This latter approach is often referred to as the Peaks-Over-Threshold approach. We choose the latter because it (typically) involves one less parameter and because it fits more easily with the likelihood that extreme losses occur in clusters. The application of the GPD can be justified by theory that tells us that the tail observations should follow a GPD in the asymptotic limit as the threshold gets bigger. Once the GDP curve is fitted to the data, it can then be extrapolated to give estimates of any extreme quantiles or tail probabilities we choose.
Accordingly, in this paper, we use the POT approach to estimate and compare the extreme VaRs, ESs and SRMs for corn and soybean contracts. Bearing in mind that the usefulness of any estimates of financial risk measures also depends crucially on their precision, we also examine alternative methods of estimating their precision.
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Given the heavy reliance of Gaussianity in the literature, we also produce estimates of risk measures using Gaussianity.
This paper is organised as follows. Section 2 reviews the risk measures to be examined. Section 3 reviews the Peaks-Over-Threshold (POT) approach and section 4 details the POT-based risk measures. Section 5 introduces the spot and futures corn and soybean data used in our empirical work and provides some preliminary data analysis. Section 6 describes the bootstrap procedure used to derive the precision metrics used in the paper. Section 7 then estimates VaR and ES, and section 8 estimates the SRMs. Each of these sections also examines the precision of these estimated risk measures. Section 9 concludes.
5 As noted already in the text, two of the studies listed in Table 1 present results based on EVT. Of these, Siaplay et alia (2005) report EV estimates of VaR in a single table obtained using the EV function in Palisade Corporation's '@Risk' package, but provide no EV analysis as such. We also note there that this function only allows the user to model a Gumbel EV distribution, and this distribution is not compatible with heavy-tailed returns. Odening and Hinrichs (2002) provide an analysis based on Generalised EV theory, but they report rather unstable estimates of the tail index parameter -a common problem in this area -and this makes their results unreliable.
MEASURES OF FINANCIAL RISK
Suppose X is a realised random loss variable -a variable that assigns loss outcomes a positive sign and profit outcomes a negative one -for a commodity over a given horizon. If the confidence level is α , the VaR at this confidence level is:
where the term α q is the α -quantile of the loss distribution. For any given horizon, the VaR is defined in terms of its conditioning parameter, the confidence level, which is arbitrarily specified by the user. Viewed as a function of the quantiles of the loss distribution, it is useful to note here that the VaR places all its weight on a single quantile that corresponds to the chosen confidence level and places no weight on any others. This implies that the user only 'cares' about a single loss quantile, and is not concerned about higher losses, and it is this rather strange property that causes the VaR risk measure to be non-subadditive (Acerbi, 2004 • Positivity:
, i.e., weights are always non-negative.
• Normalisation: ∫ = 1 0 1 ) ( dp p φ , i.e., weights sum to one.
• Increasingness:
, i.e., higher losses have weights that are higher than or equal to those of smaller losses.
We now need to specify a suitable weighting (or risk-aversion) function and a reasonable choice is the exponential risk-aversion function:
where R>0 is the coefficient of absolute risk aversion. This weighting/risk-aversion attaches higher weights to larger losses, and, moreover, the weights rise more rapidly as the user becomes more risk-averse.
The value of the risk measure can then be obtained by substituting (4) into (3), viz.:
q dp e q dp e e
THE PEAKS OVER THRESHOLD (GENERALISED PARETO)

APPROACH
We model the agricultural tail risks using a Peaks over Threshold (POT) approach which focuses on the realisations of a random variable X over a high tail threshold u.
More particularly, if X has the distribution function F(x), we are interested in the distribution function ) (x F u of exceedances of X over a high tail threshold u:
As u gets large, the distribution of exceedences tends to a Generalized Pareto Distribution (GPD):
where
and the shape ξ and scale β >0 parameters are estimated conditional on the threshold u (Balkema and de Haan, 1974; Embrechts et al., 1997, pp. 162-164) . En passant, note that the shape parameter ξ sometimes appears in GPD discussions couched in terms of its inverse, a tail index parameter α given by α = 1/ξ.
The behavior of the GPD tail depends on the values of these parameters, and the shape parameter is especially important. A negative ξ is associated with very thin-tailed distributions that are rarely of relevance to financial data, and a zero ξ is associated with thin tailed distributions such as the Gaussian, but the most relevant for our purposes are heavy-tailed distributions associated with ξ>0. The tails of such distributions decay slowly and follow a heavy tailed 'power law' function. Moreover the number of finite moments is determined by the value of ξ (or α): if ξ ≤ 0.5 (or, equivalently, α ≥2), we have infinite second and higher moments; if ξ ≤ 0.25 (or α ≥4), we have infinite fourth and higher moments, and so forth. α therefore indicates the number of finite moments. Evidence generally suggests that the second moment is probably finite, but the fourth moment is more problematic (see, e.g., Loretan and Phillips,1994) .
The values of the GPD parameters can be estimated by Maximum Likelihood (ML) methods using suitable (e.g., numerical optimization) methods. The loglikelihood function of the GPD is:
where in both cases x i satisfies the constraints specified above for x.
FORMULAS FOR RISK MEASURES UNDER THE POT APPROACH
Assuming that u is sufficiently high, the distribution function for exceedances is given by:
where n is the sample size and u N is the number of observations in excess of the threshold (Embrechts et al.,1997, p. 354) . The p th quantile of the return distribution -which is also the VaR at the (high) confidence level p -can then be obtained by inverting the distribution function, viz.:
The ES is then given by:
To obtain our SRM, we now substitute (11) into (5) to get: dp p N n u e R e dp
Having obtained the risk-measure formulas, estimates of the risk measures themselves are then obtained by estimating/choosing the relevant parameters and plugging these into the appropriate (i.e., (11) for the VaR, (12) for the ES, and (13) for the SRM). This is straightforward for the VaR and the ES; however, for spectral risk measures, we need to use a suitable numerical integration method (e.g., a trapezoidal rule, Simpson's rule, etc.: see Miranda and Fackler, 2002, or Cotter and Dowd, 2006 , for further details).
DATA AND PRELIMINARY ANALYSIS
Our data set consists of weekly logarithmic price changes for Corn and Soybean contracts traded on the CBOT between January 1979 and December 2006 totalling 1461 observations. For each product there are 8 series analysed: 1 futures and 7 spot across 7 different geographical areas. We examine the tails of both long and short positions for each series, thus giving us a total of 8 2 2 32 × × = cases in total. We choose these particular crops for their importance in the US agricultural sector. Corn is the most widely produced feed grain in the US and accounts for 90% of the total value of feed grains produced. Approximately 80 million acres are planted to corn with most being in the heartland states. Illinois is the largest producer along with Iowa, hence the focus on the former for this analysis. Soybeans are also selected as the US is the world's largest producer and exporter of them and approximately 2.5 billion bushels were produced in 2007 6 . Illinois is again a major producer and is second only to Iowa in output terms. Soybeans are used for vegetable oil production and the meal for animal feed. Thus, we believe our choice of crop and state captures significant agricultural activity and thus could be viewed as suitably representative of arable production in the US albeit with a constrained focus.
As a preliminary, we illustrate some indicative time series properties in Figure 1 and Table 2 . The mean returns are near zero for both spot and futures contacts, and the corresponding standard deviations suggest weekly volatilities in excess of 3% for both sets of contracts. The series are mostly negative skewed and always have excess kurtosis, and Jarque-Bera results indicate that normality is always rejected.
Insert Figure 1 here
Insert Table 2 here
Despite the fact that normality is rejected so strongly, it is useful to know what the risk measures would be under the counterfactual and heavily used assumption that returns are normal. These are reported in Table 3 , and we will comment on these later when presenting the POT estimates of these risk measures.
Insert Table 3 Figure 2 shows QQ plots for these series' empirical return distributions relative to a normal (or Gaussian) distribution. If the normal distribution is an adequate fit, then the QQ plot should be approximately a straight line. However, in each case, we find that the QQ plot is approximately straight only in the central region, and that the tails show steeper slopes than the central observations: this indicates that the tails exhibit heavier kurtosis than the normal distribution, and is consistent with the results of Table 2 .
Insert Figure 2 here
In addition, the points where the QQ plots change shape provides us with natural estimates of tail thresholds, and these implied thresholds are also consistent with the tail index plots -plots of the estimated tail index α and its 95% confidence interval against the number of exceedances -shown in Figure 3 . The number of exceedances reflects the choice of threshold, a smaller number reflecting a higher threshold. In each case the estimated tail index is stable over a wide range of exceedance numbers (or threshold size, if you prefer), and this tells us that the estimated indices are stable relative to the thresholds selected.
Insert Figure 3 here
The approach taken here focuses on both short and long positions. The rationale for this is to reflect the various agents that operate in the supply chain for agricultural commodities. At one end, the farmer faces price risk through production and thus will be interested in short positions. Equally, processors (and possibly retailers if the product can be sold without much processing such as potatoes for example) are concerned about the price of their inputs rising and will tend to take long positions in the futures market. Finally, there are also merchants who both buy and sell the commodities and potentially face input and output price risk and thus could take a mixed strategy approach to trading by going both short and long depending on their circumstances.
We now fit the distributions of exceedances and ML estimates of the GPD parameters are given in Table 4 for both long and short trading positions. The Table   gives Insert Table 4 here
To check that the GPD provides an adequate fit, Figure 4 shows empirical exceedances fitted to the GPDs based on the parameter estimates given in Table 1 , and the results confirm that the GPD provides a good fit in all cases.
Insert Figure 4 here 6. BOOTSTRAP ALGORITHM
The estimates of standard errors and confidence intervals reported in this paper were obtained using a semi-parametric bootstrap set out by Cotter and Dowd (2006 
where (14) is a version of (11) in which the '^' refer to the sample-based estimates of the GPD parameters. Since the VaRs are quantiles, (14) gives us direct resample estimates of the VaRs. Resample estimates of the ES and SRM are then obtained using (12) and (13) respectively (with p q replaced by j i q and parameters replaced by their '^' estimates). For each resample, the standard errors and confidence interval were obtained from the set of resample estimates of the appropriate risk measures. Table 5 for confidence levels of 99%, 99.5% and 99.9%: Table 5a gives the results for corn contracts and Table 5b gives the results for soybean contracts. To illustrate, the VaR of 9.989 at the 99% level implies that there is a 1% chance of having losses greater than 9.989% of the value of the corn Region 1 contract for a long trading position. These show, as we might expect, that estimated risk measures rise with the confidence level, and that the estimated VaRs are notably larger than the estimated ESs. There are no great differences between the different contracts or between the corn and soybean estimates of the risk measures, but the short and long results can be somewhat different from each other. It is also noteworthy that the estimated risk measures are usually much higher than the Gaussian-based estimates in Table 3 and the divergence increases as one moves to more extreme probability levels. This suggests that extreme risks are large, and that assuming Gaussianity in these circumstances can lead to very considerable underestimates of our risk measures.
ESTIMATES OF VALUE AT RISK AND EXPECTED SHORTFALL
GPD estimates of VaR and ES are given in
The Table also reports the bootstrapped standard errors of the estimated risk measures, and these rise considerably with the confidence level: this indicates that estimated risk measures become considerably less precise as the confidence level rises. This is a well-known phenomenon, and reflects the fact that as the confidence level rises, we are dealing with an increasingly extreme tail measured with fewer and fewer observations. 7 Insert Table 5 here Table 6 shows bootstrapped estimates of the standardized 90% confidence intervals for the VaR and ES: these are estimates of the 90% confidence intervals divided by the estimated mean risk measure, and are easier to interpret than conventional confidence intervals. So, for example, the first two results in the first row of Table 6a tell us that the 90% confidence interval for the region 1 spot VaR varies from 89.3% to 111.7% of the mean VaR, and so forth. Two features of these results stand out:
• The standardized confidence intervals for the ES are generally a little narrower than those for the VaR: this confirms that in relative terms, estimates of the ES are more precise than estimates of the VaR.
• The confidence intervals are fairly symmetric for the risk measures predicated on the 99% confidence level, but become asymmetric as the confidence level rises and, in particular, we see that the right bound is further from the mean risk measure than the left bound. To give an example, at the 99.9% confidence level, the standardized confidence interval spans the range from 80% to 125.5% of the mean risk measure (i.e., down 20%, but up 25.5%). This finding is also to be expected and again reflects the fact that as we move 7 Interestingly, we also see that the standard errors are usually only a little larger for the ESs than for the VaRs: these indicate that ES estimates are a little less precise than VaR estimates in absolute terms. However, the ratios of estimated risk measures to standard errors are often lower for the ESs than for VaRs, so in relative terms (i.e., taking account of the sizes of the two risk measures), it is often the case that the ES is more precisely estimated than the VaR.
further out into the extreme tail, we run into fewer observations and our uncertainty increases further.
Insert Table 6 here
ESTIMATES OF SPECTRAL RISK MEASURES
We now turn to estimates of spectral risk measures. As we have discussed already, these risk measures make use of the coefficient of absolute risk aversion R rather than the confidence level as their conditioning parameter. The value of this coefficient depends on the user's attitude to risk, and can in principle be any positive number (assuming that the user is in fact risk-averse). However, in the present EV context it only makes sense to work with fairly high values of R : the higher is R , the more we are concerned about very high (i.e., extreme) losses relative to more moderate ones. A concern with extremes therefore suggests a high value of R . Accordingly, we consider here values of R equal to 20, 100 and 200.
Once a value of R has been chosen, we can estimate the value of the integral (13) using numerical integration. The idea behind this is to discretize the continuous variable p into a large number N of discrete 'slices', where the discrete approximation gets better as N gets larger. We then choose a suitable numerical integration method, and the ones we considered were the trapezoidal rule, Simpson's rule, and numerical integration procedures using quasi-Monte Carlo methods based on Niederreiter and Weyl algorithms respectively. 8 However, we first need to evaluate the accuracy of these methods. To help us do so, Table 7 gives estimates of the approximation errors generated by these alternative numerical integration methods based on alternative values of N and a plausible set of benchmark parameters. 9 These results indicate that all methods have a negative bias for relatively small values of N, but they also indicate that the bias disappears as N gets large. In addition, they suggest that for high N, the trapezoidal method is at least as accurate as any of the others.
Insert Table 7 here
For the remaining estimations, we selected a benchmark method consisting of the trapezoidal rule calibrated with N=1 million.
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Estimates of SRMs and their bootstrapped standard errors and standardised 90% confidence bounds are given in Table 8 . In many respects these results are comparable to those obtained earlier for the VaR and ES, but with R playing the same role as the earlier confidence level. In particular, we see that:
• Estimated SRMs are considerably higher than the normal estimates in Table 3 .
• Estimated SRMs rise notably as R increases.
• Estimated SEs and the widths of confidence intervals rise as R increases; we also see some asymmetry in the confidence intervals for very high values of R , again with the right bound being a little further away from the mean than the left bound.
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• Differences across contract types are fairly small, and the only noteworthy difference between the corn and soybean results is that the latter have more pronounced differences between long and short positions.
Insert Table 8 here 9 These benchmark parameters were the mean parameters in Table 2 for the case where 100 = R .
CONCLUSIONS
Effective and accurate measurement of risk in agricultural markets is central to informing how best to design strategies and instruments aimed at helping farmers manage the risks they face. Toward this end, this paper applies the Peaks-Over- Table presents estimates of the GPD parameters for long and short positions in spot and futures corn and soybean contracts. The sample size n is 1462, the threshold is u, the probability of an observation in excess of u is prob, the number of exceedences in excess of u is N u , the estimated tail parameter is ξˆ and the estimated scale parameter is βˆ. The numbers in brackets are the estimated standard errors of the parameters concerned. The thresholds u are chosen as the approximate points where the QQ plots for each series change slope. Notes: Based on 1462 weekly % return observations for each of the stated series indexes over the period January 1979 through December 2006, and based on 5000 semi-parametric bootstrap resamples. α indicates the confidence level, and LB and UB refer to the lower and upper bounds of the 90% confidence interval divided by the estimated mean of the risk measure concerned. Notes: Based on 1462 weekly % return observations for each of the stated series indexes over the period January 1979 through December 2006, and based on 5000 semi-parametric bootstrap resamples. α indicates the confidence level, and LB and UB refer to the lower and upper bounds of the 90% confidence interval divided by the estimated mean of the risk measure concerned. 
Figure 3a: Tail Index Plots as Functions of Numbers of Exceedances: Corn Spot and Futures
